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Abstract
This study focused on the relationship between the use of technology for reading, students’ attitude towards reading, and self-regulation 
to predict reading scores in PISA 2009. The sample of this study included 15 year-old students from Turkey (N=4996). Structural 
equation modeling (SEM) was used to create latent variables for technology for reading, attitude towards reading, and self-regulation;
and to estimate the path coefficients between these latent variables and reading scores. Results showed that technology usage for reading 
and attitude towards reading were significantly related to reading scores. Self-regulation had indirect effects on reading scores through 
attitude towards reading and technology usage for reading. 
© 2012 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of The Association Science 
Education and Technology.
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1. Introduction
As accessibility of new technologies has increased due to reduced cost, the computers and related technologies have 
been a substantial influence for students, teachers, and schools in the last decade. There is a widespread recognition of the 
positive impact of technology on educational outcomes. It is not difficult to use these technologies for today’s students 
because “technology is assumed to be a natural part of the environment” (Oblinger, 2003, p. 38). That is why Prensky 
(2001) named today’s students as “Digital Natives”. According to Prensky (2001), students have substantially changed, 
and have been educated differently than their teachers. Hence, it is important to understand how “Digital Natives” utilize 
technology and how it can be linked to their academic performance. 
There are many ways to include technology in educational settings to improve students’ learning performance. Schools 
and teachers have embedded technology into their curriculums and teaching techniques to benefit from that. In addition to 
direct benefits of using technology in academic performance, there may also be indirect effects on educational outcomes. 
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For instance, using computers for entertainment (e.g., games) may contribute to the improvement of a technology user’s
developmental skills such as attention and memory. 
The significance of using technology in education is also connected with other learning theories such as self-regulation. 
Technology use and self-regulation activities are interrelated acts. Students mostly tend to use technology and enjoy it by 
themselves. Moreover, they regulate themselves to benefit from it for various reasons.  That is why students who use self-
regulatory strategies frequently may have an inclination to use more technology, and accordingly improve their learning 
performance. Self-regulation is a personal characteristic that can be influenced by several factors (Zimmerman, 2002) such 
as training (Wang, Quach, & Rolston, 2009). Hence, it is crucial for teachers to train and guide students to become more 
self-regulated learners by using necessary strategies (Schunk & Zimmerman, 2007) because students may not be aware of 
its necessity for their academic performance. 
This article aims to summarize the idea that self-regulation is crucial and useful for reading ability and achievement 
(Souvignier & Mokhlesgerami, 2006; Swalander & Taube, 2007). Additionally, technology use for reading and its relation 
with using self-regulatory activities in reading are discussed. An SEM model is constructed to explain the relations 
between students’ technology use, self-regulation, attitude towards reading, and reading scores.
2. Theoretical Framework
Self-regulation is a concept that refers to a learner’s ability to regulate and control his learning process with using 
necessary strategies. According to Zimmerman (1998), there are three self-regulation phases: forethought, performance 
control, and self-reflection. There are also several strategies that self-regulated learners use to self-regulate themselves in 
these three phases. For example, Zimmerman (1989) listed 14 self-regulation strategies and described them. It should be 
noted that students have different self-regulation capabilities; therefore, they may use these strategies differently (Schunk 
& Zimmerman, 2007). Moreover, they tend to use these strategies when they are convinced of their benefits (Souvignier & 
Mokhlesgerami, 2006). Because self-regulated learning is a “dynamic and developing process” (Boekaerts & Corno, 2005, 
p. 208), self-regulatory activities may also foster accomplishment in some other academic factors such as self-efficacy 
(Schunk, 1991) and problem solving (Bielaczyc, Pirolli, & Brown, 1995). Although the benefit of self-regulated learning 
is widely accepted, it is very crucial for students to “select, combine, and coordinate cognitive strategies in an effective 
way” (Boekaerts, 1999, p. 447).
Having a better performance in reading comprehension requires students to follow several steps. Souvignier & 
Mokhlesgerami (2006) stated that reading can be supported by using embedded self-regulation strategies into instruction 
such as organizing the learning process, summarizing the text, and monitoring the understanding. As students learn and 
apply useful reading strategies, they can improve their reading comprehension (Paris, Lipson, & Wixson, 1983; Guthrie, 
Schafer, Wang, & Afflerbach, 1995; Sung, Chang, & Huang, 2008).  
Many researchers have tried to show the relation between self-regulation and academic achievement.  For example, 
Souvignier & Mokhlesgerami (2006) conducted an experimental research and provided three different programs teaching
fifth-grade students how to use self-regulation reading strategies. They compared the experimental group with the control 
group, and found that these programs helped students to improve their reading skills as a result of learning and practicing 
self-regulatory strategies. Smith, Borkowski, and Thomas (2008), in a longitudinal study, examined the role of self-
regulation on early reading readiness skills and later reading competence with a sample of 157 children from an at-risk 
group. They concluded that self-regulation is helpful for at-risk students to improve reading performance in the long term. 
The study also showed the importance of self-regulation in children’s development. Children’s potential reading and 
achievement problems can be eliminated by improving their self-regulatory skills at their early age (Smith, Borkowski, & 
Thomas, 2008). 
Swalander and Taube (2007) investigated the relation between the reading ability of eight grade students with several 
other factors such as reading attitude, family based prerequisites, and self-concept. Family based prerequisites refer to 
parents’ education level and students’ accessibility to reading materials such as books and daily newspapers at home. After 
drawing an SEM model based on obtained data, it was found that attitude to reading, self-concept, and family based 
prerequisites are strong predictors of students’ reading ability (Swalander & Taube, 2007). It was also argued by the 
authors that self-concept had a very high influence on reading ability either directly or indirectly (through reading 
attitude), and it can be fostered by a reading friendly family environment. It is important to note that immediate 
environment has influence on students’ attitudes. 
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In conclusion, it is essential to explore the relation of students’ technology use in immediate environments with self-
regulation and their achievement. This study focuses on the relationship between technology, self-regulation, and students’ 
reading scores in an international assessment. 
3. Method
3.1. Data source and participants
The cross-sectional data for this study come from the 2009 administration of the Programme for International Student 
Assessment (PISA) that is an internationally standardized assessment jointly developed by participating countries and 
administered to 15-year-olds in schools. PISA is an assessment of domains such as reading, mathematical, and scientific 
literacy. In addition to content assessments, PISA includes student, parents, and school surveys that have questions related 
to students’ and parents’ background, students’ attitude towards reading and information and communication technologies 
(ICT). 
The target population of this study was 15-years old students who participated in PISA from Turkey. The data included 
4996 students (male=2551, female=2445) from 170 schools in Turkey. 169 of 170 schools were public schools while only 
1 school was privately funded. Table 1 provides a summary of gender and grade level information from the sample of this 
study. 
Table 1. A summary of Turkish students who participated in PISA 2009
Grade
Female Male Total
N % N % N %
7 6 .2 18 .7 24 .5
8 42 1.7 71 2.8 113 2.3
9 483 19.8 775 30.4 1258 25.2
10 1796 73.5 1597 62.6 3393 67.9
11 112 4.6 84 3.3 196 3.9
12 6 .2 6 .2 12 .2
3.2. Observed variables 
The observed variables used in this study were the questions in PISA Main Student Survey and reading scores in 2009 
PISA results. Three main questions and their sub-questions were used: 1) Q24: How much do you agree or disagree with 
these statements about reading? 2) Q26: How often are you involved in the following reading activities? 3) Q27: When 
you are studying, how often do you do the following? Question 24 had eleven sub-questions related to students’ attitude 
towards reading. Answers were based on a 4-point scale (strongly disagree, disagree, agree, strongly agree). Question 26 
had seven sub-questions related to students’ reading behaviors using technology. Answers were based on a 5-point scale 
(don’t know what it is, never or almost never, several times a month, several times a week, several times a day). Question 
27 had sub-questions related to students’ study behaviors. It had originally 13 sub-questions but only eight of them, which 
refer to self-regulation activities, were used in this study. Answers were based on a 4-point scale (almost never, 
sometimes, often, and almost always). These questions were provided in Appendix. The only continuous variable obtained 
from the PISA data was reading scores. In PISA, five different reading scores were reported using different sample 
weights. In this study, the average of those five reading scores was used as a single reading score.
3.3. Missing values
Missing data is a ubiquitous problem in social science data. Respondents do not answer every question, countries do not 
collect statistics every year, archives are incomplete, and subjects drop out of panels (Honaker, King, & Blackwell, 2011). 
Missing responses makes the conduct of statistical analyses as well as the calculation of scores difficult (Finch, 2010). The 
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data from PISA Student Main Survey also have lots of missing observations. Listwise deletion of missing observations 
would have removed 80% of the data. Therefore, in order to preserve the original structure of the data, Amelia II software
(Honaker, Joseph, King, Scheve, & Singh, 2002) program was used for handling missing data. Amelia II performs
“multiple imputation” that is a general approach to data with missing values. This method creates multiple imputed 
versions of the incomplete data set so that all the information in data with missingness can be appropriately used for data 
analysis. Amelia II draws imputations of the missing values using a novel bootstrapping approach based on the expectation 
maximization with bootstrapping (EMB) algorithm (Honaker, King & Blackwell, 2011). After missing data were replaced 
by the imputed data from Amelia II, all observations from the 4996 participants in PISA were available for data analysis. 
3.4. Structural equation models
This study employed a structural equation modeling (SEM) approach to analyze the 2009 PISA data and used AMOS
18 software. AMOS 18 uses a maximum likelihood (ML) method for obtaining estimates of the parameters. By using 
ordinal items and reading score from PISA, three SEM models were fit the data. The first model included two latent 
factors: Self-regulation and attitude towards reading. Technology for reading latent factor was added to the second and 
third models. Technology for reading was based on the items from Question 26. Self-regulation was based on the items 
from Question 27. Attitude towards reading was defined based on the items from Question 24. Reading scores were used 
as the dependent variable in all analyses. First, the measurement model was validated through confirmatory factor analysis 
and fit the structural model through path analysis with latent variables (Kline, 2005). The modification indices obtained 
from each analysis in AMOS 18 were used to modify items defining latent dimensions and the paths between the 
variables.
First model defined two latent dimensions (Attitude towards Reading and Self-Regulation). These two latent dimensions 
were used to predict reading scores. In the second model, Technology for Reading dimension was added to the model and 
this dimension was also used to predict reading scores. In the last model, two items defining Technology for Reading
dimension were removed based on the modification indices and the model was fit with the rest of the items. 
3.5. Evaluation of model fit
Goodness-of-fit criteria, including root mean square error of approximation (RMSEA), Tucker-Lewis Index (TLI), and 
comparative fit index (CFI), were used to determine the overall data-model fit for the SEM models. The literature contains 
different recommendations about the type, number, and cut-off values for goodness-of-fit required to be reported. TLI and 
CFI values greater than 0.90 are considered acceptable, and values greater than 0.95 are considered a good fit (Browne and 
Cudeck, 1993; Hu & Bentler, 1999; Kline, 2005). RMSEA values smaller than 0.05 are usually considered as a close fit, 
values equal to or greater than 0.10 as a poor fit (Browne and Cudeck, 1993; Hu & Bentler, 1999; Kline, 2005). In addition 
to these fit indices, the chi-square (χ2) test of model fit was provided as an indicator of model fit.
4. Results
In Model 1, two latent variables (Self-Regulation and Attitude towards Reading) and reading score were used to 
examine their relation. Before the analyses, the two latent variables were checked to see whether observed variables were 
measuring the corresponding latent variables. It was verified by the confirmatory factor analysis that the observed 
variables were measuring the latent variables appropriately. It was important to see how reading score could be predicted 
by using self-regulation activities in reading and attitude towards reading. SEM analysis was conducted using maximum 
likelihood (ML) method. The Chi-square was 475.44 with the degrees of freedom of 168, which also indicated a 
significant result (p<0.000). TLI (.876), CFI (.891), and RMSEA (.056) were in acceptable range in terms of an acceptable 
fit. According to the theoretical framework, this result was anticipated. However, when the modification indices were 
checked, the path from Self-Regulation to Reading Score was not significant. Therefore, the path was deleted in the next 
model and a new latent variable named Technology for Reading was added to see its relation with reading score as 
indicated in the theoretical framework.
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In Model 2, Technology for Reading was added into the model as a new latent variable to test the relation of using 
technologies for reading with other latent variables and reading score. First, a CFA analysis was conducted with the 
observed variables to see if those items were measuring the Technology for Reading adequately. As indicated above, the 
path from Self-Regulation to Reading Score was deleted due to its insignificance. Two paths were added into the model; 
from Self-Regulation to Technology for Reading, and Technology for Reading to Reading Score. In this model, all paths 
were significant. The Chi-square was 1004.85 with the degrees of freedom of 319, which also indicated a significant result 
(p<0.000). However, goodness-of-fit criteria were indicating less fit compared to Model 1. The reason for having poorer 
TLI (.856), CFI (.869), and RMSEA (.057) results were examined and decided to modify Technology for Reading latent 
variable based on the modification indices. As a result, two observed variables were deleted from the model.
In Model 3, two observed variables were removed from the Technology for Reading latent variable. The removed 
variables were Chat Online and Group Discussions. These variables were less related to the use of technology for reading 
than other variables because these variables were based on entertainment-focused acts. Also, since we wanted to relate
self-regulation with technology, it was proper to keep the variables that were self-based and remove group-based variables,
which were Chat Online and Group Discussions. In this model, the Chi-square was 691.2 with the degrees of freedom of 
270, which also indicated a significant result (p<0.000). In terms of goodness-of-fit criteria, Model 3 had better fit results 
than previous models (TLI (.891), CFI (.901), and RMSEA (.048)). Additionally, all paths were significant. Reading Score 
was significantly predicted by the latent variables, Attitude towards Reading and Technology for Reading variables. Figure 
1 presents the standardized factor loadings and parameter estimates for the paths of the final structural model.
Figure 1: Path diagram for SEM Model 3
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The final model was accepted to have a good fit in terms of goodness-of-fit criteria, including root mean square error of 
approximation (RMSEA), Tucker-Lewis Index (TLI), and comparative fit index (CFI). On the other hand, chi-square (χ2) 
test values were significant that may not be expected from a good fit. However, χ2 is not adequate criterion for test of 
model fit by itself because it “is sensitive to sample size because as sample size increases (generally above 200), the χ2 has 
a tendency to indicate a significant probability level” (Schumacker & Lomax, 2004, p. 92). Therefore, in terms of chi-
square test, the value of CMIN/DF, which is the ratio of chi-square value to the degrees of freedom, can be considered to 
see the improvements among the models. In our case, this ratio was 2.83, 3.15, and 2.56 respectively. This also indicates 
that the final model was the best fit model. Table 2 gives a summary of the fit indices for each model. 
Table 2. Summary of goodness of fit indices from three SEM models in the study
SEM Model χ2 df CFI TLI RMSEA
Model 1   475.44 168 .89 .87 0.56
Model 1 1004.85 319 .87 .85 0.57
Model 3   691.20 270 .90 .89 0.48
The results from the final model (Model 3) indicated that there is a positive relationship between Self-regulation and 
other latent variables. Self-regulation predicted Attitude towards Reading better than Technology for Reading. As 
explained earlier, the path between Self-regulation and Reading Score was not statistically significant in Model 1. 
Therefore, this path was not included in Model 2 and Model 3. Self-regulation had an indirect effect on Reading Score 
through Technology for Reading and Attitude towards Reading. Similarly, there was a positive relationship between 
Reading Score and other latent variables (Technology for Reading and Attitude towards Reading) although the path 
coefficients from these latent variables to Reading Score were not very high. Technology for Reading and Attitude towards 
Reading had very similar path coefficients, meaning that these latent variables were able to predict Reading Score equally 
well.
5. Discussion
Both self-regulation and technology usage have been important parts of education and instruction. It is important to 
examine the impact of these factors on students’ achievement. This study focused on the relationship between self-
regulation, technology usage, and their impacts on students’ reading score in an international standardized assessment, 
PISA. Structural equation modeling approach was used to create latent variables representing technology usage, self-
regulation, and attitude towards reading. The observed variables for these latent variables were obtained from the PISA 
Main Survey that has survey items about technology usage, attitude towards reading, etc. for participating students. 
The initial theory in this study was that there might be a significant direct relationship between technology usage and 
reading scores and also between self-regulation and reading scores in PISA. However, the results showed that there was 
not a significant direct relationship between reading scores and self-regulation. Instead, self-regulation had an indirect 
effect on reading scores through reading attitude and technology use for reading. There was a moderately strong
relationship between technology usage, attitude towards reading, and reading scores. The results indicated that students
tend to get higher reading scores if they are able to use technology for reading and they have a positive attitude towards 
reading. 
Although the indirect relationship between self-regulation and reading scores was not anticipated from the beginning, 
there are several important implications of this finding. First, the results of this study imply that attitude towards reading 
can be improved by self-regulation activities. It can be explained to students that they would learn more by employing 
very simple strategies during their learning process. It is important to note that students use more self-regulation strategies 
as they believe in the benefits of self-regulation (Souvignier & Mokhlesgerami, 2006).  Second, today’s students are living 
with technology, and this study shows that technology usage may have a positive effect on reading scores. Furthermore, 
combining self-regulation with proper technologies could reveal better reading performance for students.
Apart from the relationship between self-regulation and technology usage, students need to be fostered to learn and use 
self-regulatory activities because the literature shows that self-regulation is associated with other important factors such as 
self-efficacy (Schunk, 1991).  In terms of reading achievement, self-regulation activities can be used to comprehend more 
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from readings. Because students may be knowledgeable about using self-regulation strategies, teachers could embed the 
same activities into the instruction and demonstrate students how to be a self-regulated learner. There are many methods to 
improve students’ metacognitive skills in reading such as summarizing the text, taking notes, relating the texts, and self-
monitoring. Primarily, teachers need to learn and practice these methods and then apply them in their classrooms to 
improve students’ performance in reading. 
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Appendix A. The PISA Main Survey questions used in this study 
Q24. How much do you agree or disagree with these statements about reading?
Q26. How often are you involved in the following reading activities?
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Q27. When you are studying, how often do you do the following?
